INTRODUCTION
============

Acute myeloid leukemia (AML) is a representative hematologic malignancy ([@b13-molce-41-5-465]). The incidence of AML is increasing, possibly due to increases in life expectancy ([@b18-molce-41-5-465]). With cytotoxic chemotherapy and/or allogeneic stem cell transplantation (ASCT), a certain proportion of AML patients are cured. However, more than 50% of AML patients eventually die due to this aggressive disease ([@b15-molce-41-5-465]), and the five-year survival rate of elderly AML patients is less than 10% ([@b37-molce-41-5-465]), indicating that strategies need to be developed to improve treatment outcomes.

Treatment outcomes might be improved by at least two approaches. The first approach is to increase the precision of risk stratification in AML patients. ASCT, which is a potent but toxic treatment modality, could be more appropriately applied to the high-risk group with an improved stratification system ([@b11-molce-41-5-465]). The second approach is to advance the understanding of carcinogenic mechanisms in AML, which could reveal novel chemotherapeutic agents. The development of an FLT3 inhibitor ([@b26-molce-41-5-465]) and an IDH2 inhibitor ([@b43-molce-41-5-465]) exemplify the second approach. These two approaches will soon become feasible through extensive genomic studies in conjunction with the evaluation of clinical associations.

From a genetic viewpoint, the number of somatic mutations varies significantly depending on the primary origin of the cancer tissue as well as the carcinogenic processes, including the influences of environmental mutagens ([@b24-molce-41-5-465]). The number of somatic mutations that occur in AML patients is low compared with other types of tumors, with the average number of coding somatic variants being 10--15/sample ([@b1-molce-41-5-465]). The well-established coding variants observed in AML include mutations in DNMT3A, NRAS, BCOR, SSRP1, YY2, SRSF2, TET2, IDH1/2, CEBPA, RUNX1, and GATA2 ([@b7-molce-41-5-465]; [@b39-molce-41-5-465]). Furthermore, the prognostic significance of these variants and their genomic categorization have been well studied ([@b38-molce-41-5-465]).

Additionally, the advent of next-generation sequencing (NGS) technologies has dramatically influenced cancer genomics by accelerating the identification of novel molecular alterations. While cancer research has focused on coding regions based on whole exome sequencing (WES), the recent production of whole genome sequencing (WGS) data has facilitated the detection of noncoding variants. TERT promoter mutations are one of the recent findings of analyzing noncoding variants from WGS data ([@b2-molce-41-5-465]). In fact, approximately 90% of mutations associated with phenotypic traits are known to be located outside of coding regions, and to obtain a more in-depth understanding of cancer biology, major discoveries in noncoding regions remain to be made. However, justification of the functional validity of noncoding variants is still a challenging task ([@b48-molce-41-5-465]). A widely accepted way to test the function of noncoding sequences is to determine whether noncoding variants are located within gene expression control regions, such as promoters, enhancers, and transcription factor (TF) binding sites ([@b3-molce-41-5-465]; [@b36-molce-41-5-465]). In addition, it is important to consider evolutionary conservation when searching for functional noncoding variants ([@b21-molce-41-5-465]). Several bio-informatic databases and tools, such as HaploReg ([@b47-molce-41-5-465]) and Genomic Region Enrichment of Annotations Tool (GREAT) ([@b35-molce-41-5-465]), have been developed and applied to estimate putative functional noncoding variants, and further improvements in noncoding variant analysis are ongoing.

In this study, we analyze both coding and noncoding mutations in AML using a WGS approach. The functionality of novel noncoding variants is verified through a novel "hot-zone" analysis as well as luciferase assays. External validation of the novel variants using public databases, such as The Cancer Genome Atlas (TCGA), is also performed.

MATERIALS AND METHODS
=====================

WGS and variant calling
-----------------------

DNA was extracted using a QuickGene DNA whole blood kit S (Kurabo Industries, Japan) according to the manufacturer's recommendations. For WGS, we used the Solexa sequencing technology platform (HiSeq × Ten, Illumina, USA) following the manufacturer's instructions. FASTQ files were aligned to the human reference genome (human_g1k_v37.fasta) using the Burrows-Wheeler Aligner (BAM) ([@b29-molce-41-5-465]) to generate a SAM file. "SortSam" in the Picard toolset was employed to convert the file to a BAM file and sort by chromosome, and the data were then subjected to a PCR duplicate marking process, which enabled the Genome Analysis Toolkit ([@b34-molce-41-5-465]) to ignore duplicates in subsequent processing.

Somatic variants were called with VARSCAN2 ([@b22-molce-41-5-465]), and germline variants from the saliva sample of each patient were called with genome analysis toolkit (GATK) ([@b34-molce-41-5-465]). The variant positions were all mapped to the "hg19 (GRCh37)" reference genome. The characteristics of the called variants were annotated with "ANNOVAR" ([@b46-molce-41-5-465]). Common polymorphic variants were further excluded using the following filtration criteria: (1) variants matched dbSNP variants (version 138), (2) variants had a minor allele frequency greater than 0.01 in the 1000 Genomes Project, and (3) variants matched paired germline variants.

Sanger sequencing
-----------------

A total of six single nucleotide variants (SNVs) were verified through conventional Sanger sequencing using dye-terminator chemistry and were analyzed with an ABI 3730 automatic sequencer (Applied Biosystems, USA). Oligo primers were designed using Primer3 software ([@b42-molce-41-5-465]) to amplify the genome fragments containing the mutations from bone marrow samples. PCR was performed using DNA polymerase (SolGent, Korea) under optimized thermal conditions. The PCR products were evaluated in 2% agarose gels, purified and sequenced in both directions using BigDyeR Terminator (Applied Biosystems) reactions and subsequently loaded into a capillary sequencer. Sequence variants were verified with chromatograms using the SeqManR feature of LasergeneR software (DNASTAR, USA).

Obtaining regulatory marks for defining specific genomic regions referred to as "hot-zones"
-------------------------------------------------------------------------------------------

ENCODE ([@b9-molce-41-5-465]) information for four types of regulatory elements \[transcription factor binding sites (TFBSs), DNase hypersensitivity sites (DHSs), active promoters (APs), and histone modification marks (HMMs)\] was downloaded from the UCSC Table Browser (<https://genome.ucsc.edu/cgi-bin/hgTables>). These regulatory elements and their genomic locations were acquired based on the "hg19" reference genome. We chose to download the information regarding these regulatory marks, with the exception of TFBSs, in a lymphoblastoid cell line, GM12878. It should be noted that data on APs, DHSs, and HMMs are cell-type specific information, whereas TFBS data are not. Information on ten types of HMMs, including H3k4me1, H3k4me3, H3k27ac, H3k336me3, H3k4me2, H3k79me2, H3k9ac, H3k27me3, H3k9me3 and H4k20me1, were downloaded. These regulatory positions were overlaid onto the "hg19" reference genome, and we then searched for genomic regions exhibiting all of these regulatory marks in the same area, which we defined as "hot-zone" regions.

Other external sources of variant data
--------------------------------------

The overall procedure for data preparation is shown in [Supplementary Fig. S1](#s1-molce-41-5-465){ref-type="supplementary-material"}. A total of 30 TCGA WGS-derived variants (TWG30) and 193 TCGA WES-derived variants (TES193) were downloaded from the TCGA database (<https://gdc-portal.nci.nih.gov/>); 134 WES-derived variants (Lawrence 134) were obtained from a study by [@b24-molce-41-5-465] and 532 cancer-associated variants were downloaded from the *catalogue of somatic mutations in cancer* (COSMIC) database (<http://cancer.sanger.ac.uk/census>). TWG30 had been called by the TCGA team using CaVEMan ([@b44-molce-41-5-465]), and we further filtered out the variants with a somatic mutation probability of less than 0.95 or a germline mutation probability of at least 0.05. Since the 193 TCGA WES-derived variants had been mapped onto the "hg18" reference genome by the TCGA team ([@b1-molce-41-5-465]), it was necessary to convert the variant locations to the "hg19" genome using the "liftOver" tool from UCSC (<https://genome.ucsc.edu/util.html>). Subsequently, filtration procedures were performed as described for the TWG30 variants (<https://gdc-portal.nci.nih.gov/>). Gene expression data from 24 types of cancer, provided as RNA-Seq results and patient clinical information, were downloaded from TCGA (<https://tcga-data.nci.nih.gov/>).

Luciferase assay
----------------

A luciferase assay was conducted to investigate the functional role of a noncoding variant detected upstream of the SRSF1 gene. For transfection, the pGL4.10\[luc2\] (Promega, Cat No. E6651) vector and the pRL-TK (Promega, Cat No. E2241) vector, with a 7-base pair (bp) deletion from both ends of the sequence based on the mutation locus, were used. The cloning vector was transfected into the NB4 ([@b23-molce-41-5-465]) cell line using a Gene Pulser 2 Electroporator (Bio-Rad, Cat No. 165-2108). After transfection, NB4 cells were incubated for 40--42 h at 37°C under 5% CO~2~. The luciferase assay was performed using a GloMaxR 20/20 Luminometer (Promega) and a Dual-Luciferase assay kit (Promega, E1910) following the manufacturer's protocol. We measured both Renilla and firefly activity to determine the effect of the modification and compared the ratio between the two activities in cell lines subjected to three different transfections using the control vector, the SRSF1 wild-type vector, and the SRSF1 mutation vector. Activity values obtained by performing six repeated experiments were employed in this analysis.

Codes used for statistical tests and batch work
-----------------------------------------------

All statistical tests were performed with R studio (<https://www.rstudio.com/>). The relationships between the expression levels of genes and patient prognosis were investigated using Kaplan-Meier (KM) plots combined with log-rank tests ([@b8-molce-41-5-465]) and Cox regression analyses ([@b41-molce-41-5-465]). The transcription factor binding motif score was calculated using bioconductor (<https://www.bioconductor.org/>) from the R package TFBSTools ([@b45-molce-41-5-465]) combined with JASPAR2014 ([@b32-molce-41-5-465]) and JASPAR2016 ([@b33-molce-41-5-465]). The other scripts necessary for several batch jobs were executed using an in-house built *Perl* script.

Other bioinformatics web tools used to determine the functional importance of variants
--------------------------------------------------------------------------------------

The categorical functions or gene ontology (GO) classifications of the genes carrying somatic mutations were estimated with a web-based DAVID tool (<https://david.ncifcrf.gov/>). Changes in the stability of secondary protein structures caused by nonsynonymous mutations were measured using DUET (<http://bleoberis.bioc.cam.ac.uk/duet/stability>), and the "MutationMapper" tool from cBioPortal (<http://www.cbioportal.org/mutation_mapper.jsp>) was employed to visualize the location of any variant within each corresponding translated protein structure. IGV (<http://software.broadinstitute.org/software/igv/>) and UGENE (<http://ugene.net/>) were used to view the NGS reads and Sanger sequencing results, respectively.

RESULTS
=======

WGS statistics
--------------

Genomic DNA was extracted from a total of 11 Korean AML patient samples to conduct WGS. Tumor blood and skin tissues were retrieved from each of the cytogenetically normal AML patients. The patients included three females and eight males with ages ranging from 21 to 74 years ([Supplementary Table S1](#s2-molce-41-5-465){ref-type="supplementary-material"}). The achieved sequencing depths were 69.5× (ranging from 61.9 to 76.0×) and 32.3× (ranging from 24.1 to 37.1×) on average for the tumor and matched saliva samples, respectively. Approximately 99.3% of the reference human genome was covered at least once, with approximately 98.6% and 85.5% of the normal and tumor samples combined showing ≥ 10× coverage and ≥ 30× coverage, respectively. A detailed summary of the sequencing statistics for all samples is provided in [Supplementary Table S2](#s3-molce-41-5-465){ref-type="supplementary-material"}. The overall procedure for variant annotations and filtrations is depicted in [Supplementary Fig. S1](#s1-molce-41-5-465){ref-type="supplementary-material"}. A total of 30 somatic mutations in exons were detected in each sample after extensive filtration ([Supplementary Table S3](#s4-molce-41-5-465){ref-type="supplementary-material"}).

Identification of somatic mutations in 11 Korean AML patients
-------------------------------------------------------------

Two different datasets were produced from the 11 Korean AML patient samples: (1) the "SNU-p11" dataset, comprising only the 11 primary AML samples, and (2) the "SNU-pr5" dataset, containing five paired primary and relapse samples obtained from each of five individuals ([Supplementary Table S1](#s2-molce-41-5-465){ref-type="supplementary-material"}). A WGS-based analysis was conducted, and somatic SNVs for the samples in these two datasets were identified (see "Materials and Methods"). Other SNVs derived from external public databases, including TWG30, TES193, Lawrence 134, and COSMIC census genes, were also included in the present work (see "Materials and Methods") ([Supplementary Fig. S1](#s1-molce-41-5-465){ref-type="supplementary-material"}).

Our basic strategy for analyzing the SNVs detected in the SNU-p11 and SNU-pr5 datasets was as follows. (1) Identify SNVs occurring around genic regions, including exons, introns, 3′- and 5′- untranslated regions (UTRs), and regions containing various regulatory elements within 2 kb up- and down-stream of genes, i.e., well-known regions in which most functional elements are located ([@b10-molce-41-5-465]; [@b20-molce-41-5-465]; [@b49-molce-41-5-465]). (2) Compare the SNVs derived from the SNU samples with those from the TWG30, TES193, and Lawrence134 datasets. (3) Identify noncoding variants located in "hot-zone" regions, which were newly defined in the present work. (4) Demonstrate the functional relevance of the validated variants through survival analysis.

The numbers of SNVs detected in different genic regions in each patient sample are summarized in [Table S3](#s4-molce-41-5-465){ref-type="supplementary-material"}. Consistent with previous studies, the number of mutations estimated for our AML samples was relatively small ([@b19-molce-41-5-465]); for example, we identified approximately 30 exonic mutations per patient on average ([Supplementary Table S3](#s4-molce-41-5-465){ref-type="supplementary-material"} and [Supplementary Fig. S2A](#s1-molce-41-5-465){ref-type="supplementary-material"}). The average number of mutations per patient was less than that estimated from the TWG30 dataset (a WGS-based dataset) but slightly higher than the number estimated from the Lawrence134 dataset by [@b24-molce-41-5-465], which might be primarily due to the stringency of the threshold for SNV calling ([Supplementary Table S3](#s4-molce-41-5-465){ref-type="supplementary-material"}). Despite differences in the number of mutations, the mutation architecture was very similar among these three AML datasets; for example, in all three, C to T (or G to A) transition mutations represented the highest proportion of mutations, whereas A to T (or T to A) transversion mutations represented the lowest proportion ([Supplementary Fig. S2B](#s1-molce-41-5-465){ref-type="supplementary-material"}).

Analysis of nonsynonymous SNVs detected in the SNU-p11 samples
--------------------------------------------------------------

A total of 187 genes with nonsynonymous SNVs were detected in the 11 primary AML samples (SNU-p11). Thirty-seven of these genes were also detected in the TWG30 dataset, 34 in the TES193 dataset, eight in the Lawrence134 dataset, and 13 in the list of COSMIC census genes, whereas 17 were detected in at least two other datasets, indicating that mutations in these genes might play critical roles in AML pathogenesis ([Supplementary Table S4](#s5-molce-41-5-465){ref-type="supplementary-material"}). Interestingly, several well-established AML-associated genes, such as NPM1, RUNX1, and WT1, were also found ([Supplementary Table S4](#s5-molce-41-5-465){ref-type="supplementary-material"}). However, the depiction of the mutations derived from the SNU-p11 and TWG30 samples shown in [Fig. 1](#f1-molce-41-5-465){ref-type="fig"} demonstrates the well-known concept of tumor heterogeneity, i.e., different AML patients carried different sets of variants. Some genes, such as NPM1, WT1, and PABPC3, were found to be mutated in more than two patients in both the SNU-p11 and TWG30 datasets ([Fig. 1](#f1-molce-41-5-465){ref-type="fig"}).

These genes generally carried only one nonsynonymous SNV; however, a few genes, including RUNX1 and PABPC3, carried two to five (or even more than five) nonsynonymous SNVs per patient ([Fig. 1](#f1-molce-41-5-465){ref-type="fig"}). To investigate the most frequently mutated genes in the SNU-p11 samples, genes exhibiting mutations in more than two patients or carrying more than five mutations in a single patient were selected and are depicted in [Supplementary Fig. S3](#s1-molce-41-5-465){ref-type="supplementary-material"}. A total of 25 frequently mutated genes were identified from the SNU-p11 samples, and two of these, MUC4 and CEBPA, were mutated in more than three of the 11 total patient samples.

Analysis of nonsynonymous SNVs detected in the SNU-pr5 samples
--------------------------------------------------------------

As described above, we also generated WGS data for five of the 11 patients with paired primary-relapse samples (SNU-pr5). These data provided an opportunity to investigate mutational changes during relapse. A total of 41 mutated genes were shared between the primary and relapse tumors within a single patient or between the primary and relapse tumor samples derived from different patients ([Fig. 2](#f2-molce-41-5-465){ref-type="fig"}). Seventeen of the 41 genes had previously been identified as AML-associated genes in other studies ([Fig. 2](#f2-molce-41-5-465){ref-type="fig"}). We classified the mutated genes detected in SNU-pr5 into three categories, namely, "primary-specific genes", "commonly mutated genes", and "relapse-specific genes." [Figure 3](#f3-molce-41-5-465){ref-type="fig"} shows a graphical representation of the mutated genes corresponding to each category.

Subsequently, GO classification terms were assigned to each category. A main function assigned to the "primary-specific genes" was "negative regulation of apoptotic process", as NPM1 was found in this category (top panel of [Fig. 3](#f3-molce-41-5-465){ref-type="fig"}). Several well-known AML-associated genes were found in the "commonly mutated genes" category, and these included CEBPA and GATA2, whose GO functional categories include "embryonic development", "notch signaling pathway", and "homeostatic process" (middle panel of [Fig. 3](#f3-molce-41-5-465){ref-type="fig"}). In contrast, the "relapse-specific genes" assigned to the GO terms "chromatin organization" and "negative regulation of transcription" were found to include several novel genes, such as KDM4B and PTMA, as well as known cancer-associated genes, such as RB1 and ARID1A (bottom panel of [Fig. 3](#f3-molce-41-5-465){ref-type="fig"}). All of the GO terms assigned to the three categories of genes identified in the present work have consistently been reported to be altered during cancer pathogenesis ([@b25-molce-41-5-465]; [@b30-molce-41-5-465]; [@b40-molce-41-5-465]).

Investigation of the functional importance of nonsynonymous variants
--------------------------------------------------------------------

Using the list of recurrent nonsynonymous variants, we then attempted to identify putative functional genetic changes attributable to leukemogenesis via *in silico* prediction with the following criteria: (1) commonly mutated genes, (2) genes carrying nonsynonymous substitutions with high variant allele frequencies (VAFs), (3) genes carrying novel SNVs, and (4) genes carrying highly conserved SNVs with a PhyloP score \> 1.0. Four genes, SIN3A, C10orf53, PTPRR, and RERGL, were chosen based on these criteria ([Fig. 3](#f3-molce-41-5-465){ref-type="fig"} and [Supplementary Table S5](#s6-molce-41-5-465){ref-type="supplementary-material"}), and their variants were validated via Sanger sequencing ([Supplementary Fig. S4](#s1-molce-41-5-465){ref-type="supplementary-material"}).

We then investigated whether the genetic changes in these four genes exhibit prognostic value for AML using the variants and clinical information deposited in external databases such as TCGA. Although no TCGA samples were found to harbor the same mutations in these four genes, expression information based on RNA-Seq data was available, which allowed us to investigate the prognostic significance of these four genes. As shown in [Fig. 4](#f4-molce-41-5-465){ref-type="fig"}, the TCGA AML (labeled LAML in TCGA) patients with SIN3A and C10orf53 expression levels in the top 20% had a significantly worse prognosis than the LAML patients with expression levels in the bottom 20%. Interestingly, the same SIN3A variant (Y325C) was detected in a uterine corpus endometrial carcinoma (UCEC) sample deposited in TCGA, suggesting functional importance of these variants in other cancers. Moreover, the mutation was calculated by the DUET web tool (<http://bleoberis.bioc.cam.ac.uk/duet/stability>) to cause a "Predicted Stability Change (PSC)" of −1.433 Kcal/mol, indicating a significant disruption of the secondary protein structure. The genic locations of the four validated SNVs are schematically represented at their corresponding positions within each protein structure ([Supplementary Fig. S5](#s1-molce-41-5-465){ref-type="supplementary-material"}).

Definition of "hot-zone" regions for detecting noncoding regulatory mutations
-----------------------------------------------------------------------------

As shown in [Supplementary Table S3](#s4-molce-41-5-465){ref-type="supplementary-material"}, many more SNVs were identified outside of coding regions, such as in UTRs and within 2 kb up- and down-stream of genes. Since there is no definitive bioinformatics-based strategy or algorithm for identifying functional noncoding mutations, we designed a new strategy referred to as the "hot-zone" method. The rationale for this method is that variants located in genomic regions harboring multiple regulatory signals, such as HMMs, DHSs, and TFBSs, are likely to be more functionally important than variants located in genomic regions without these signals. Using this rationale, regulatory marks were downloaded from ENCODE (<https://genome.ucsc.edu/ENCODE/>) and mapped to their corresponding reference sequence positions ("Material and Methods"), and the "hot-zone" regions overlapping multiple regulatory marks were defined. The variants found in the "hot-zone" regions were then selected for further analyses. Two "hot-zone" variants near the PPP1R10 (−31 G to A) and SRSF1 (−44 A to T) genes were selected for verification by Sanger sequencing and were validated as real noncoding somatic mutations that might play functional roles in AML ([Supplementary Fig. S4E and S4F](#s1-molce-41-5-465){ref-type="supplementary-material"}). It is highly likely that these two variants alter the promoter function of these genes because the two variants are located near the transcription start sites (TSSs) of the two genes.

Functional implications of the validated mutations
--------------------------------------------------

We further investigated whether these two variants (−31 G to A of PPP1R10 and −44 G to A of SRSF1) altered TF binding activity. The "TFBSTools" algorithm (<https://www.bio-conductor.org/>) predicted that the PPP1R10 "hot-zone" mutation perturbs the binding activities of E2F1, E2F4, ZBTB33, and TBP ([Fig. 5A](#f5-molce-41-5-465){ref-type="fig"}), whereas the SRSF1 "hot-zone" mutation alters the binding activities of E2F6, ELF1, and ELK4, ELK4 ([Fig. 5B](#f5-molce-41-5-465){ref-type="fig"}). This result strongly suggests that the "hot-zone" mutations of these two genes are likely to lead to alterations in downstream gene expression. Interestingly, the SRSF1 and PPP1R10 genes are interacting partners in a protein-protein interaction network ([Supplementary Fig. S6](#s1-molce-41-5-465){ref-type="supplementary-material"}).

The gene expression regulation functionality of the validated "hot-zone" noncoding mutation of SRSF1 (−44 G to A) was then investigated using a luciferase assay in the human AML cell line NB4. A schematic representation of the design of the expression vectors is shown in [Figs. 6A and 6B](#f6-molce-41-5-465){ref-type="fig"} ("Materials and Methods"). Interestingly, we observed that luciferase activity was significantly increased in NB4 cell lines transfected with deletion mutant constructs spanning the "−44 G to A" site compared with NB4 cell lines transfected with wild-type constructs (P value \< 0.05 by Mann-Whitney test) ([Supplementary Table S6](#s7-molce-41-5-465){ref-type="supplementary-material"}), strongly suggesting that the noncoding "hot-zone" variant might be involved in gene expression regulation ([Fig. 6C](#f6-molce-41-5-465){ref-type="fig"}). The same luciferase assay performed as a duplicative experiment in Chinese hamster ovary K1 (CHO-K1) cells led to the same observation ([Fig. 6D](#f6-molce-41-5-465){ref-type="fig"}), namely, that the cell line transfected with the mutant construct showed significantly increased luciferase activity ([Supplementary Table S7](#s8-molce-41-5-465){ref-type="supplementary-material"}) (P value ≤ 0.05 by Mann-Whitney test). This result not only confirms the functional role of the nucleotide located in the "hot-zone" area but also indicates functional conservation between humans and other species.

DISCUSSION
==========

AML is a prototypical hematologic malignancy that is chemo-sensitive with the potential to be cured but exhibits high relapse rates, which reduces cure rates ([@b6-molce-41-5-465]). As in other cancers, somatic mutation causes AML, and some cancer predisposition-associated germ-line alterations also contribute to its pathogenic mechanism ([@b5-molce-41-5-465]). Anecdotal genomic studies of AML have been published by TCGA collaborators ([@b1-molce-41-5-465]) in which AML-associated mutations were analyzed from a 50-variant WGS dataset and a 150-variant WES dataset. This study revealed several important features of the AML genomic landscape ([@b1-molce-41-5-465]), and a total of 23 genes were identified as significantly mutated genes. Additionally, an extensive genomic study by [@b38-molce-41-5-465] categorized AML into nine genetic categories, including transcription factor fusion, DNA methylation-related genes, chromatin-modifying genes, and tumor suppressor genes. Although numerous AML genomic studies have contributed to broadened knowledge of AML genomics, we still believe that low-frequency leukemogenic mutations remain to be discovered in AML patients.

One distinguishable feature of our study is that we designed a novel method for narrowing down the number of noncoding variants that should be validated from "immense" to "several". As noted above, we refer to the new method as "hot-zone" analysis. Basically, "hot-zone" analysis works by defining noncoding regions that are highly likely to be functional based on overlaying multiple epigenetic regulatory signals, and any given noncoding variant located in the "hot-zone" is subsequently determined to be sufficiently valuable that it should be validated through further experiments. In fact, we identified a total of 45 noncoding "hot-zone" variants, two of which (from the PPP1R10 and SRSF1 genes) were selected based on certain criteria and further validated as real somatic mutations. It can therefore be stated that "hot-zone" analysis is very effective for detecting putative functional noncoding variants.

Among the two validated "hot-zone" variants, the SRSF1 gene was selected for further functional verification through luciferase assays. SRSF1 plays an important role in splicing and has recently been recognized as one of the key onco-driver genes in small cell lung cancer ([@b17-molce-41-5-465]) and breast cancer ([@b4-molce-41-5-465]). As shown in [Fig. 6](#f6-molce-41-5-465){ref-type="fig"}, the "hot-zone" mutation of SRSF1 was involved in enhancing SRSF1 expression. Interestingly, up-regulated expression of SRSF1 was recently suggested to stimulate mTOR, which plays a key role in carcinogenesis ([@b17-molce-41-5-465]; [@b31-molce-41-5-465]). A luciferase assay for the PPP1R10 variant was not performed because the roles of PPP1R10 in cancer and leukemia have not yet been well elucidated, and biological interpretation of the results would therefore be very difficult. However, it is still plausible that the "hot-zone" variant of PPP1R10 might have leukemogenic potential because these two proteins, SRSF1 and PPP1R10, were found to be interacting partners in a protein-protein interaction network ([Supplementary Fig. S6](#s1-molce-41-5-465){ref-type="supplementary-material"}).

In addition, several novel coding variants were also identified. We not only validated these variants through Sanger sequencing but also provided some theoretical evidence of the functional importance of the variants. In particular, SIN3A Y325C, which was detected in both primary and relapse tumors, was located in a region with a high PhyloP conservation score of \> 1.0 and was predicted to perturb the stability of the secondary structure of SIN3A. Notably, SIN3A expression is associated with AML patient survival in the TCGA cohort ([Fig. 4](#f4-molce-41-5-465){ref-type="fig"}). SIN3A is a regulator of histone deacetylases and is essential for the regulation of hematopoiesis ([@b14-molce-41-5-465]); furthermore, SIN3A is known to suppress the function of tumor suppressor genes, such as CDKN2A ([@b16-molce-41-5-465]). Hence, it is possible that a functional change in SIN3A via the Y325C mutation would contribute to leukemia development.

Cancers consist of a founding clone harboring key mutations and sub-clones carrying various mutations that confer a survival advantage to tumor cells in the complex context of the tumor microenvironment. These heterogeneous genetic properties of cancers are considered one of the main mechanisms leading to chemotherapy resistance. In particular, disease relapse after chemotherapy is always related to clonal evolution, and several types of clonal evolution have been suggested ([@b12-molce-41-5-465]). [@b28-molce-41-5-465] analyzed clonal evolution history in AML and revealed that three mutations, specifically mutations in FLT3, NPM1, and DNMT3A, tend to co-occur in the founding clones of patients. Because a prerequisite for analyses of clonal evolution is high-depth sequencing, our study design (WGS of 60× depth) was unfortunately not suitable for clonal evolution analysis. However, we revealed and confirmed some genomic aspects of AML using serial samples. We found that NPM1 was mutated in primary AML samples, whereas RB1 and ARID1A were mutated in relapse samples. The findings obtained for NPM1 are in accordance with the results obtained by [@b28-molce-41-5-465]. Moreover, mutations in tumor suppressor genes, such as RB1 and ARID1A, are commonly found in the late stage of cancer ([@b26-molce-41-5-465]), and our findings confirmed these biological insights from previous studies.

Unfortunately, RNA sequencing was not possible in the SNU-p11 or SNU-pr5 groups due to the lack of RNA samples from these patients, limiting further functional assays of the mutants found in our study. Although we performed external validation using TCGA data and luciferase assays, it is likely that RNA sequencing of our patient samples could have provided strong evidence for the functionality of the mutations identified in the present study.

In conclusion, we report six novel somatic mutations in coding and noncoding regions that might play critical roles in AML pathogenesis. Further experimental evidence is necessary to reveal their full involvement in cancer and to develop prognostic or diagnostic markers or anti-cancer drugs.
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The patient samples with somatic nonsynonymous variants are represented by colored boxes. The patient samples on the left and the right are from the SNU-p11 and TWG30 datasets, respectively. Gene symbols are provided in the leftmost column only for genes carrying any somatic variant in any patient sample. The gray, red, orange, and purple boxes represent no variant, only one variant, two to five variants, and more than five variants per sample, respectively. The blue and green bars in the center indicate the frequency of mutations estimated from the SNU-p11 and TWG30 samples, respectively. The gene symbols in bold font are genes that overlap with the COSMIC census genes (Methods), whereas genes that overlap with previously identified AML-associated genes from three datasets (TWG30, TES193, and Lawrence134) are shown in red. The genes that overlap both COSMIC census and previously known genes are shown in bold red font.](molce-41-5-465f1){#f1-molce-41-5-465}

![Profiles of commonly detected coding mutations between primary and relapse samples\
A total of 41 mutated genes that were commonly detected between the primary and relapse samples of a single patient or between the primary and relapse tumor samples from different patients are shown here. Please refer to the legend of [Fig. 1](#f1-molce-41-5-465){ref-type="fig"} for a description of the colored boxes and gene symbol labeling.](molce-41-5-465f2){#f2-molce-41-5-465}

![Profiles of somatic nonsynonymous variants detected in both the paired primary and relapse samples\
The 106 nonsynonymous variants obtained from the SNU-pr5 dataset, which was generated from 10 WGS runs for five primary samples and their paired relapse samples, were grouped into three categories: "primary-specific", "commonly mutated", and "relapse-specific". The presence or absence of any variant in any patient sample is represented in a matrix box, and a filled box indicates that the patient sample carries any nonsyn-onymous variant. The numbers of variant-harboring genes allocated to each group are shown in parentheses for each matrix box category. The bar in the uppermost portion of the matrix boxes represents the samples under each bar, and the boxes under the blue bar and the red bar represent primary and relapse samples, respectively. Gene symbols corresponding to any variant-carrying gene are shown on the right side of the matrix boxes. The bar graphs on the right show the results of a GO analysis using DAVID (Methods). The blue, purple, and orange colors on the bar graphs represent each classified category. The size of the bars indicates the score of each GO category \[−log~10~(P value)\]. Please refer to the legend of [Figure 1](#f1-molce-41-5-465){ref-type="fig"} for the labeling scheme of the gene symbols inside the colored bars.](molce-41-5-465f3){#f3-molce-41-5-465}

![Survival differentiated by the expression levels of the four mutated genes\
RNA-Seq and patient clinical information for each type of cancer was obtained from TCGA (Methods). Patients with each type of cancer were classified based on the expression levels of the four genes carrying somatic coding variants validated by Sanger sequencing, as shown in [Supplementary Figs. S4A--S4D](#s1-molce-41-5-465){ref-type="supplementary-material"}. To compare patient survival among each cancer type, KM plots were generated for each group; the red, black, and blue lines represent the "top 20% (high)" group, "intermediate" group, and "bottom 20% (low)" group, respectively. The KM plot in the "SIN3A in LAML" panel shows the patient prognosis depending on the expression levels of SIN3A in acute myeloid leukemia. The numbers of patients in each group of LAML grouped by gene expression were as follows: high (32), low (32), and intermediate (97).](molce-41-5-465f4){#f4-molce-41-5-465}

![Alteration of TF motif binding by two "hot-zone" variants\
Alterations in TF binding activity caused by variants located in the "hot-zone" regions of two genes, PPP1R10 and SRSF1, were analyzed using TFBSTools ([Supplementary Methods](#s1-molce-41-5-465){ref-type="supplementary-material"}). Briefly, to investigate the influence of the variants on TF binding activity, a sequence with 50 bases before and after each variant (i.e., a total of 101 bases) was selected as a window for sliding-window analysis across genomic locations shifted by one base pair. The TF binding motif score was measured for each window based on the motif matrix of each TF. The scores for non-variant reference (i.e., hg19) queries were also measured for each window. The significance of the score differences between the non-variant reference window and the variant window was then tested via a t-test. The scores obtained from the sliding-window analysis are shown as line graphs on the left for each gene; the red and gray lines represent the TF binding activity of the variant and non-variant, respectively. The box plots on the right constitute a conversion of the line graphs. (A) Plots for the PPP1R10 variant. (B) Plots for the SRSF1 variant.](molce-41-5-465f5){#f5-molce-41-5-465}

![Functionality of the SRSF1 "hot-zone" mutation verified through a luciferase assay\
The activity of the SRSF1 promoter with a deletion mutation spanning the site of the "hot-zone mutation" (−44 G to A) was measured through a luciferase activity. The luciferase activity of the mutant construct was compared with that of the control construct without any mutation. (A) Genomic location of the "hot-zone" mutation of the SRSF1 gene. (B) Schematic representation of the construction of the expression vector for estimating the change in luciferase activity due to the 15-bp deletion that spans the SRSF1 "hot-zone" mutation site (−44 G to A). (C) NB4 cells were transfected with the control vector carrying the normal promoter region (labeled SRSF1_WT) or the deletion vector spanning the "hot-zone mutation" site (−44 G to A) of the SRSF1 gene (labeled SRSF1_del). (D) The same assay was conducted with the CHO-K1 cell line. The same labeling scheme as that in (C) was applied. The error bars represent the means ± standard deviations for six repeats of the experiments. P values were estimated by Mann-Whitney tests.](molce-41-5-465f6){#f6-molce-41-5-465}

[^1]: These authors contributed equally to this work.
